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Abstract—In Air Traffic Flow Management (ATFM), flights
are often assigned new arrival times in case of unexpected events
such as poor weather conditions. The assignment of arrival times
results in flight delays and thus additional costs for airspace users
(AUs) and reduced efficiency for the airport. Since the impact of
delays differs across flights, the airport and AUs would prefer
to prioritize important flights. For this purpose, a Target Time
Management System (TTMS) has been proposed that enables
AUs and the airport to collaboratively prioritize flights and
optimize flight lists. In this paper, we evaluate an implemen-
tation of a privacy-preserving TTMS that combines evolutionary
algorithms and secure multi-party computation (MPC) to protect
the confidentiality of AUs’ preferences. We use data from 51 real-
world regulation shared by Zurich Airport for the experimental
evaluation. The results indicate that a privacy-preserving TTMS
can find solutions almost as good as the solutions found by a
deterministic algorithm, while protecting the preferences of AUs.
In addition, runtime measurements are reported to demonstrate
that the TTMS is capable of finding solutions within practical
time constraints. The privacy-preserving TTMS is a promising
alternative for settings in which AUs do not fully trust the
platform provider.

Index Terms—flight prioritization, privacy-preserving opti-
mization, multi-party computation, evolutionary algorithm

I. INTRODUCTION

In the European air traffic network, the EUROCONTROL
Network Manager regulates arrivals of flights at certain air-
ports when demand exceeds airport capacity. In such cases,
each regulated flight is assigned a new target time of arrival
(TTA) at the regulated airport, leading to uniformly delayed

arrival times of flights when reorganizing flight lists on a first-
planned, first-served basis. The resulting flight delays lead
to additional costs for the airspace users (AUs), e.g., due to
missing passenger connections, necessary crew replacements,
and reputational damage, but also for the airport, e.g., due to
reduced efficiency of airport operations.

In practice, not all flights have the same criticality for AUs
and airport, with the costs of arrival delay varying between
flights. Consequently, in case of a regulation, AUs would
prefer to prioritize the more critical flights to reduce delay
costs, while the arrival airport would prioritize flights in a way
that streamlines airport operations. To this end, a Target Time
Management System (TTMS) has been proposed as a solution,
which would enable flight prioritization across AUs. Such a
TTMS would receive requests for a TTA for each flight, from
both AUs and the airport, as inputs for an optimization of the
flight list. Zurich Airport, for example, has already conducted
live trials with such a TTMS [1].

The TTMS implemented at Zurich Airport collects inputs
from airspace users and the airport to conduct a deterministic
optimization of the assignment problem, assigning TTAs to
flights. Although the TTMS was successfully tested, and
the results indicate increased arrival punctuality and fewer
missed connections [1], the TTMS developed at Zurich Airport
assumes a fully trusted platform provider, which may not be
the case at other airports, where AUs may be more reluctant
to share confidential information about flight importance with
a platform provider.



In this paper, we investigate the practicability of extending
the TTMS concept for scenarios where, unlike the situation at
Zurich Airport, the platform provider optimizing the flight lists
is not fully trusted. Hence, we consider a privacy-preserving
TTMS, hosted by an honest-but-curious platform provider,
using secure multi-party computation (MPC) in combination
with an evolutionary algorithm to nevertheless protect the
confidential preferences of AUs from unauthorized access
and from the platform provider. In a controlled laboratory
exercise, with real-world data shared by Zurich Airport from
their TTMS live trials [1], we therefore investigated the
performance of the proposed privacy-preserving TTMS. While
MPC introduces computational overhead that may result in
a deterministic algorithm not being able to finish within
the time available for optimization, the combination with an
evolutionary algorithm promises to be able to find solutions
of sufficient quality within the required time limit.

In our laboratory exercise with the privacy-preserving
TTMS, we used data from 51 real-world regulations shared
by Zurich Airport to measure the performance of using an
evolutionary algorithm in combination with MPC when opti-
mizing flight lists. We calculated a subset of Pareto-optimal
solutions for each flight list that was optimized during the
51 regulations. The evolutionary algorithm was then executed
on each flight list with different configurations, and the
optimization results were compared with the corresponding
subset of Pareto-optimal solutions. Our results show that the
evolutionary algorithm is able to find solutions that are almost
as good as the optimal solutions found by the deterministic
algorithm in the live trials at Zurich Airport. These results
indicate that using an evolutionary algorithm in combination
with MPC has negligible impact on the quality of the flight
lists found by the TTMS. A privacy-preserving implementation
of a TTMS is thus a viable alternative for settings where a
platform provider may not be fully trusted by AUs.

The remainder of this paper is structured as follows. Sec-
tion II provides background on collaborative flight prioritiza-
tion. Section III introduces the privacy-preserving TTMS. Sec-
tion IV describes the experimental setup. Section V presents
the results. Section VI concludes the paper.

II. BACKGROUND AND RELATED WORK

In Air Traffic Flow Management (ATFM), flights are reg-
ulated when arrival demand exceeds airport capacity, for
example due to poor weather conditions. To smooth arrival
demand, the EUROCONTROL Network Manager reduces the
arrival rate and assigns TTAs to flights on a first-planned,
first-served basis. This assignment of TTAs results in flight
delays and additional costs for AUs and reduced efficiency
for the airport. The impact of delay on additional costs and
efficiency varies between flights, and, therefore, the airport and
AUs would prefer to prioritize more important flights in order
to improve overall efficiency.

The User-Driven Prioritization Process (UDPP) [2] im-
proves flexibility of AUs during ATFM regulations. UDPP
allows each AU to prioritize its own flights while ensuring

that flights of other AUs are not negatively affected. Validation
results demonstrate that UDDP reduces operational costs of
AUs and improves passenger connections [3].

The SlotMachine project [4] developed a platform for col-
laborative flight prioritization to further improve the flexibility
of AUs during ATFM regulations. In case of an ATFM reg-
ulation, AUs who want to participate in optimization provide
preferences for their flights. The preferences for a flight are
encoded as a weight map, consisting of numerical values (i.e,
weights) for each available TTA. A weight represents the
utility of a particular flight arriving at a particular TTA. Collab-
orative flight prioritization is transformed into an assignment
problem with the aim of maximizing the utility of assigning
flights to TTAs. AUs may not fully trust the platform provider
and only participate in optimization if their preferences remain
confidential. Privacy-preserving implementations of determin-
istic algorithms may not be able to finish within a deadline, and
therefore, the TTMS combines genetic algorithms and MPC
for privacy-preserving optimization [5]. Market mechanisms
were introduced based on real-world currency [6] and a virtual
delay credit [7] to ensure fairness and equity among AUs.

The HARMONIC project [8] extended the TTMS by al-
lowing the airport to also provide preferences. Collaborative
flight prioritization thus became a multi-objective assignment
problem, where the airport provides preferences for each
flight. The project investigated two settings: One in which
the platform provider is trusted and another in which the
platform provider is not fully trusted [9]. In the former, a
deterministic algorithm provides flight lists that are Pareto-
optimal with respect to the weight maps of the airport and
the AUs [1]. In the latter, evolutionary algorithms for multi-
objective optimization are combined with MPC to optimize
flight lists [10]. Instead of market mechanisms, conformance
criteria for the inputs of AUs [11] are introduced and equity
mechanisms that modify the weights of AUs are investigated
based on already existing concepts [12].

III. PRIVACY-PRESERVING FLIGHT PRIORITIZATION

In this paper, we explore the practicability of a privacy-
preserving TTMS for optimizing flight lists. Privacy-
preserving implementations of deterministic algorithms [13]
may not be able to finish within a deadline, especially when
a larger number of flights and TTAs are involved in the
ATFM regulation. Existing approaches for privacy-preserving
optimization using evolutionary algorithms either protect the
whole evolutionary algorithm [14], [15] or only the objec-
tive function [16], [17]. The former suffers from a stronger
impact of privacy-preserving computations on runtime, while
the latter reveals information about the objective function.
We adopt the approach developed in the SlotMachine [4]
and HARMONIC [8] projects, which reduces the impact of
privacy-preserving computations on runtime while reducing
the information that is revealed about the objective function.

Figure 1 illustrates the architecture of a privacy-preserving
TTMS. The airport and AUs continuously submit their pref-
erences for each flight and TTA to the Orchestrator. Each
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Fig. 1. Privacy-preserving target time management system, adapted from [9]

AU operates a local Encoding Service that encodes and
encrypts the preferences using the public keys of the MPC
nodes before transmitting them to the Orchestrator. When a
regulation is announced, the Orchestrator receives input from
the Network Manager and initiates the optimization process.
The Orchestrator therefore forwards public information (i.e.,
available TTAs and flights) together with the airport prefer-
ences to the Optimizer, while encrypted AU preferences are
sent to the Privacy Engine, which distributes them among the
MPC nodes. If an AU did not provide valid preferences, the
Orchestrator uses default preferences for the corresponding
flights. The Optimizer executes an evolutionary algorithm that
in combination with the Privacy Engine optimizes flight lists.
When a termination criterion is met, the Optimizer returns the
optimization result to the Orchestrator, which selects a flight
list and submits a request to the Network Manager.

The Optimizer produces populations of solutions, while
the Privacy Engine evaluates these populations and provides
the evaluation results to the Optimizer to further guide the
search process. The privacy-preserving TTMS reduces the in-
formation revealed to an honest-but-curious platform provider
by applying obfuscation methods. These methods obfuscate
the evaluation results received by the Privacy Engine and
the Optimizer. The following obfuscation methods have been
proposed [5]: Order obfuscation reveals only the ordering
of solutions instead of their fitness values, Above Threshold
obfuscation reveals the solutions whose fitness values exceed
a configurable threshold, Top Individuals obfuscation reveals
a configurable number of top-performing solutions based on
their fitness values, Fitness Buckets obfuscation distributes
solutions into buckets, where each bucket covers a range of
fitness values, and reveals only the bucket assignment, Or-
der Quantiles obfuscation distributes solutions into quantiles,
where each quantile contains approximately the same number
of solutions, and reveals only the quantile assignment.

The questions arises whether a privacy-preserving TTMS
can find flight lists of sufficient quality and in an appropriate
amount of time. Previous studies [5], [10], [18] evaluated
the performance of this approach using synthetic datasets.
We experimentally evaluate the performance of the privacy-

preserving TTMS in terms of solution quality and optimization
runtime using data from 51 real-world regulations shared by
Zurich Airport.

IV. EXPERIMENTAL SETUP

In this section, we describe the setup used for the ex-
perimental evaluation of the privacy-preserving TTMS. The
objective of the experiments is to demonstrate the impact of
using evolutionary algorithms in combination with MPC on
the quality of flight lists and runtime.

A. Prototypes

Our implementation of the Optimizer [19] uses the deter-
ministic algorithm provided by SciPy [20] (version 1.14.1)
to solve the assignment problem and PyGAD [21] (version
3.4.0) to run genetic algorithms. We modified PyGAD’s im-
plementation of the Non-dominated Sorting Genetic Algorithm
II (NSGA-II) [22] to improve its runtime behavior. Instead
of sorting the entire population before selecting parents, the
modified NSGA-II implementation terminates non-dominated
sorting when the configured number of parents has been
selected. We further added the Strength Pareto Evolutionary
Algorithm 2 (SPEA2) [23], and two variants of a simple
multi-objective tournament selection. One tournament selector
selects a random non-dominated individual from k random
individuals (i.e., the tournament size). The other tournament
selector selects k random individuals and repeatedly pairs
participants, selecting winners based on Pareto dominance
until only one individual remains. We also extended PyGAD
with shift mutation and partially matched crossover.

The Optimizer maintains a set of estimated non-dominated
solutions during an optimization to preserve the best solutions
found so far. We refer to this solution set as the optimization
result. These solutions are non-dominated with respect to
their actual fitness for the non-obfuscated objective and their
estimated fitness for the obfuscated objective. The Optimizer
continuously updates the optimization result during optimiza-
tion by adding the estimated non-dominated solutions of the
current population and retaining only those that remain non-
dominated. The performance metrics are computed from the
final optimization results.

In our experimental setup, we simulate the Orchestrator
who provides an instance of an assignment problem and a
configuration for either the deterministic algorithm or a genetic
algorithm as input for the Optimizer. The Optimizer receives
weight maps as plain text and submits the weights to the
Encoding Service of the Privacy Engine. After receiving the
encoded weights, the Optimizer forwards them to the Privacy
Engine for distribution across the MPC nodes.

Our implementation of the Privacy Engine [24] uses MP-
SPDZ [25] for MPC. The Privacy Engine consists of a
Controller, a Encoding Service and three MPC nodes. The
Encoding Service encodes the input weights, and returns the
encoded weights to the Optimizer. The Optimizer provides
the encoded weights to the Controller, which distributes them



among the MPC nodes. When the Optimizer provides a pop-
ulation of candidate solutions to the Controller of the Privacy
Engine, the Controller initiates a fitness evaluation using the
MPC nodes. We employ three MPC nodes, and assume that at
least two MPC nodes behave honestly. Therefore, we can use a
more lightweight protocol, such as the rep-field protocol [26].
The Controller receives an obfuscated evaluation result from
the MPC nodes, and returns the result to the Optimizer. The
implementation of the Privacy Engine and runtime benchmarks
are available online [24].

The Optimizer includes a simulation of the Privacy Engine
to run optimizations with obfuscation while minimizing the
impact on runtime. The result of an optimization is identical
when using the simulation of the Privacy Engine and our
implementation of the Privacy Engine for evaluation.

B. Datasets

We use synthetic datasets for parameter tuning and real-
world data for performance evaluation. For parameter tuning,
we generated five instances of the bi-objective assignment
problem with a problem size of 100×100 and random weight
map values.

For performance evaluation, we received weight maps from
51 regulations that were collected during an eight-week trial
of the TTMS with a fully trusted platform provider at Zurich
Airport [1]. Within a regulation, optimizations were continu-
ously performed using the remaining flights and TTAs. In total,
we received 1 017 instances across all regulations, excluding
instances with a problem size of 1× 1. These 1 017 instances
are primarily imbalanced assignment problems, with more
TTAs than flights.

For calculating the performance metrics, we identified a sub-
set of Pareto-optimal solutions for each instance. We therefore
applied the deterministic algorithm of the Optimizer to 1 001
differently weighted combinations of the two objectives with
the aim to maximize the assignment sum. We additionally
identified the worst solutions by applying the deterministic
algorithm to differently weighted combinations of the two
objectives with the aim to minimize the assignment sum.
The minimum fitness values (i.e., assignment sums) tend to
be several orders of magnitude lower than the maximum,
since infeasible assignments are penalized with large negative
weights, whereas feasible assignments have positive weights.

C. Metrics

We measure the performance of a solution set using the
Generational Distance (GD) and Inverted Generational Dis-
tance (IGD). Let S be a set of solutions and P the subset of
Pareto-optimal solutions, which we previously identified using
the deterministic algorithm. GD measures the average distance
from each solution in S to the nearest solution in P , whereas
IGD measures the average distance from each solution in P to
the nearest solution in S [27]. Small values for GD indicate
good convergence, and small values for IGD indicate good
diversity [27]. We modified the distance calculation for GD
and IGD to take into account the dominance relation between

two solutions [28]. We therefore refer to these metrics as GD+

and IGD+ [28].
Before calculating GD+ and IGD+ for performance evalua-

tion, we normalized the fitness values of the solutions in the
optimization results. The fitness of a solution for objective i
is normalized based on the known maximum and minimum
fitness values for objective i, whereas a normalized fitness
value of 0 corresponds to the minimum (i.e., worst) fitness
and 1 to the maximum (i.e., ideal) fitness.

D. Experiments

We performed three experiments to determine a final con-
figuration of the genetic algorithm for each obfuscation con-
figuration and two experiments for performance evaluation.
In the experiments, we used above threshold obfuscation
with a threshold of 90 %, fitness buckets obfuscation with
10 buckets, order obfuscation, order quantiles obfuscation
with 10 quantiles, and top individuals obfuscation returning
the top 10 % of the individuals of a population. We used
these configurations to obfuscate one of the two objectives in
Experiment 1-3 and the AU objective in Experiment 4-5.

In the first experiment, we executed a meta-genetic algo-
rithm for each combination of obfuscation configuration and
either algorithm (i.e., NSGA-II and SPEA2) or parent selection
type (i.e., the two variants of multi-objective tournament
selection), resulting in 20 different executions of the meta-
genetic algorithm. The individuals of a meta-genetic algorithm
are parameter sets for the configuration of a genetic algorithm.
The meta-genetic algorithm evaluates a parameter set by
configuring and executing the genetic algorithm with these
parameters on Instance 1 and Instance 2 of the generated bi-
objective assignment problems. The fitness of a parameter set
are the GD+ values obtained from the optimization results for
both instances. The meta-genetic algorithm was configured
with NSGA-II, 40 generations, a population size of 50, 25
parents, random mutation with a probability of 10 %, single
point crossover, and keeping one elitist parameter set.

The options for the configuration of each genetic algorithm
are shown in Table I. The number of generations is calculated
as 100 000 divided by the population size to maintain a
comparable number of evaluations across configurations. The
crossover procedure depends on the crossover probability:
If a crossover probability is provided, parents are selected
for recombination based on that probability. If no crossover
probability is provided, parents are recombined pairwise. The
archive size is an additional configuration option for SPEA2
and the tournament size for the two variants of the multi-
objective tournament selection.

For the second experiment, we selected at least 20 of the
best-performing parameter sets found by each executed meta-
genetic algorithm. We therefore performed non-dominated
sorting of the parameter sets using their GD+ values. For each
meta-genetic algorithm, all parameter sets from the best Pareto
fronts were selected, starting with the first front, until at least
20 parameter sets were obtained.



TABLE I
OPTIONS FOR CONFIGURING A GENETIC ALGORITHM. PMX = PARTIALLY

MATCHED CROSSOVER; SP = SINGLE POINT; TP = TWO POINTS.

Parameter Options

Population Size {100, 300, 500}
Number of Parents {0.1, 0.2, 0.3, 0.4, 0.5} × Population Size

Crossover Type {PMX, SP, TP, Uniform, Scattered}
Crossover Probability {0, 20, 40, 60, 80, 100} % (optional)

Mutation Type {Swap, Inversion, Scramble, Shift}
Mutated Genes {5, 10, 15, 20, 25, 30, 40, 50} %

Archive Size {0.1, 0.2, 0.3, 0.4, 0.5} × Population Size
Tournament Size {0.02, 0.04, 0.06, 0.08} × Population Size

In the second experiment, we configured and executed the
genetic algorithm ten times with each of the selected best
parameter sets from Experiment 1 on Instance 3 and Instance 4
of the generated bi-objective assignment problems.

For the third experiment, we selected the best parameter set
for each combination of obfuscation configuration and either
algorithm or parent selection type. We therefore performed
non-dominated sorting of the runs using their GD+ values
on Instance 3 and Instance 4. For each parameter set, we
computed the median and mode of the Pareto front ranks
across its runs. The best parameter set for each combination
of obfuscation configuration and either algorithm or parent
selection type was selected based on the lowest median rank.
For tie-breaking, we used the mode rank.

In the third experiment, we configured and executed the
genetic algorithm 21 times with the selected best parameter
sets from Experiment 2 on Instance 5 of the generated bi-
objective assignment problems.

For performance evaluation, we determined a single final
configuration of the genetic algorithm for each obfuscation
configuration. Therefore, for each algorithm or parent selection
type, we selected the run with the median GD+ value. Except
for above threshold obfuscation, the median GD+ runs of
NSGA-II achieved lower GD+ values than those of SPEA2 and
the multi-objective tournament selectors after approximately
100 000 evaluations. We therefore selected, for each obfusca-
tion configuration, the configuration with NSGA-II as the final
configuration. These configurations are shown in Table II.

The fourth and fifth experiments were conducted to evaluate
the performance of genetic algorithms with different obfus-
cation configurations on instances from 51 regulations. In
the fourth experiment, we configured the genetic algorithm
with the configurations listed in Table II and executed it on
all 1 017 instances. In the first four experiments, the Privacy
Engine was simulated by the Optimizer to reduce the runtime
of the experiments. In the fifth experiment, we used our
implementation of the Privacy Engine and optimized the first
instance of each regulation. The optimization results obtained
in the fifth experiment are consistent with those from the fourth
experiment for the corresponding instances. We used the fifth
experiment as a proof-of-concept as well as to measure the
run time of optimization runs with the Privacy Engine.

V. EXPERIMENTAL RESULTS

In this section, we present the results of the performance
evaluation using real-world instances from 51 regulations. The
objective of the experiments is to demonstrate the impact of
using evolutionary algorithms in combination with MPC on
the quality of flight lists and runtime.

Figure 2 presents optimization results for a sample scenario
comprising 122 flights and 233 TTAs. The figure illustrates the
corresponding Pareto-optimal subset, which appears relatively
dense. This may indicate a similarity between the default
weight maps constructed by the airport for AUs that do
not submit preferences and the airport’s weight map. While
the performance of the evolutionary algorithm varies across
configurations, the configurations also differ in the amount of
information revealed, and the results are therefore not directly
comparable.

Table III and Table IV report the median and interquartile
range (IQR) of GD+ and IGD+, respectively, of the optimiza-
tion results obtained by the genetic algorithm for each ob-
fuscation configuration. These values are also reported for the
estimated non-dominated solutions from the initial populations
(i.e., random solutions) to provide a baseline. The instances are
grouped into five equal-width bins with a varying number of
instances across bins based on problem size, i.e., the number
of TTAs and flights. Median and IQR values of GD+ reported
in Table III are similar to those of IGD+ in Table IV. This is
due to relatively dense sets of Pareto-optimal solutions rather
than a widely diverse one, indicating a positive correlation
between airspace user preferences and airport preferences.

The performance of initial populations already appears
acceptable considering that fitness values for each objective
are normalized to the range between 0 and 1, and that lower
GD+ and IGD+ values indicate better solution sets. However,
the minimum fitness values used for normalization are several
orders of magnitude smaller than the maximum fitness values.
Consequently, although the results may appear acceptable at
first glance, the performance of the initial populations is in fact
insufficient. For instances with problem sizes between 3 and
73, the performance still appears strong. This range contains
several small instances, such as instances of size 1 × 2 with
only two feasible solutions. The initial population is therefore
likely to already contain Pareto-optimal solutions for a subset
of instances in this problem size range.

The optimization results of genetic algorithms exhibit sub-
stantially better performance than the initial populations. In
particular, the median and IQR of GD+ and IGD+ are sev-
eral orders of magnitude smaller than those of the initial
populations. As the problem size increases, the median GD+

and IGD+ values also increase, indicating a reduction in
performance. Large instances have a greater number of feasible
solutions, making optimization more challenging.

Table V reports minimum, median, maximum and IQR
of optimization runtimes for different problem sizes when
using the Privacy Engine and assuming no network latency.
We grouped the instances into three equal-width bins with a



TABLE II
CONFIGURATIONS OF THE GENETIC ALGORITHM FOR PERFORMANCE EVALUATION

Parameter Above 90 % Threshold 10 Fitness Buckets Order 10 Order Quantiles Top 10 % Individuals

Parent Selection Type NSGA-II NSGA-II NSGA-II NSGA-II NSGA-II
Population Size 300 500 500 500 500

Number of Generations 333 200 200 200 200
Number of Parents 30 50 50 50 50

Crossover Type Uniform Uniform Scattered Uniform Scattered
Crossover Probability 60 % 40 % 80 % 80 % -

Mutation Type Swap Swap Swap Swap Swap
Mutated Genes 10 % 5 % 10 % 20 % 15 %

Fig. 2. Optimization results of a sample situation with 122 flights and 233 TTAs

varying number of instances. The runtimes were measured on
an Ubuntu system running kernel version 5.15.0-88-generic
(#98-Ubuntu), equipped with four Intel Xeon Gold 6248R
processors running at 3.00 GHz. As problem size increases,
optimization runtime increases within each obfuscation con-
figuration. These results also show the impact of different ob-
fuscation methods on runtime, with fitness buckets obfuscation
having a strong runtime penalty.

The results in Table V were obtained by running the genetic
algorithms for 100 000 evaluations. The Optimizer combined

with the Privacy Engine can also be applied in settings with
stricter time constraints than the runtimes reported in Table V
because genetic algorithms can provide interim results at any
point in time. Obfuscation methods with lower runtime over-
head enable the genetic algorithms to perform more iterations
within a fixed time budget compared to methods with higher
overhead, thereby increasing the likelihood of finding high-
quality solutions. We provide additional runtime benchmarks
for the Privacy Engine online [24].



TABLE III
MEDIAN AND INTERQUARTILE RANGE (IQR) OF THE GENERATIONAL DISTANCE (GD+ ) FOR DIFFERENT PROBLEM-SIZE BINS, ROUNDED TO SIX

DECIMAL DIGITS

Obfuscation Problem Size Instances Initial Populations Optimization Results

Median IQR Median IQR

Above 90 % Threshold

[3, 73] 353 0.000021 0.000043 0.000000 0.000001
]73, 143] 230 0.101058 0.064392 0.000003 0.000004

]143, 214] 352 0.157179 0.046180 0.000005 0.000004
]214, 284] 61 0.183384 0.033872 0.000006 0.000004
]284, 355] 21 0.195134 0.041488 0.000007 0.000002

10 Fitness Buckets

[3, 73] 353 0.000019 0.000039 0.000000 0.000000
]73, 143] 230 0.088444 0.064062 0.000002 0.000003

]143, 214] 352 0.145088 0.051844 0.000003 0.000003
]214, 284] 61 0.174419 0.036259 0.000003 0.000002
]284, 355] 21 0.194515 0.029121 0.000006 0.000001

Order

[3, 73] 353 0.000020 0.000039 0.000000 0.000000
]73, 143] 230 0.088444 0.064061 0.000001 0.000002

]143, 214] 352 0.145088 0.051844 0.000002 0.000003
]214, 284] 61 0.174419 0.036259 0.000003 0.000002
]284, 355] 21 0.194515 0.029121 0.000006 0.000002

10 Order Quantiles

[3, 73] 353 0.000019 0.000039 0.000000 0.000000
]73, 143] 230 0.088444 0.064062 0.000001 0.000003

]143, 214] 352 0.145088 0.051844 0.000003 0.000003
]214, 284] 61 0.174419 0.036259 0.000003 0.000003
]284, 355] 21 0.194515 0.029121 0.000006 0.000003

Top 10 % Individuals

[3, 73] 353 0.000020 0.000039 0.000000 0.000000
]73, 143] 230 0.088444 0.064062 0.000003 0.000004

]143, 214] 352 0.145088 0.051844 0.000005 0.000004
]214, 284] 61 0.174419 0.036259 0.000007 0.000004
]284, 355] 21 0.194515 0.029121 0.000009 0.000004

TABLE IV
MEDIAN AND INTERQUARTILE RANGE (IQR) OF THE INVERTED GENERATIONAL DISTANCE (IGD+ ) FOR DIFFERENT PROBLEM-SIZE BINS, ROUNDED TO

SIX DECIMAL DIGITS

Obfuscation Problem Size Instances Initial Populations Optimization Results

Median IQR Median IQR

Above 90 % Threshold

[3, 73] 353 0.000029 0.000047 0.000000 0.000003
]73, 143] 230 0.101058 0.064392 0.000004 0.000004

]143, 214] 352 0.157180 0.046180 0.000006 0.000004
]214, 284] 61 0.183385 0.033872 0.000007 0.000003
]284, 355] 21 0.195134 0.041488 0.000008 0.000002

10 Fitness Buckets

[3, 73] 353 0.000026 0.000043 0.000000 0.000002
]73, 143] 230 0.088444 0.064062 0.000003 0.000003

]143, 214] 352 0.145089 0.051844 0.000004 0.000004
]214, 284] 61 0.174420 0.036259 0.000004 0.000002
]284, 355] 21 0.194516 0.029121 0.000007 0.000001

Order

[3, 73] 353 0.000019 0.000040 0.000000 0.000000
]73, 143] 230 0.088444 0.064062 0.000001 0.000002

]143, 214] 352 0.145089 0.051844 0.000003 0.000003
]214, 284] 61 0.174420 0.036259 0.000004 0.000003
]284, 355] 21 0.194516 0.029121 0.000007 0.000002

10 Order Quantiles

[3, 73] 353 0.000022 0.000042 0.000000 0.000001
]73, 143] 230 0.088444 0.064062 0.000002 0.000003

]143, 214] 352 0.145089 0.051844 0.000004 0.000003
]214, 284] 61 0.174420 0.036259 0.000004 0.000003
]284, 355] 21 0.194516 0.029121 0.000007 0.000003

Top 10 % Individuals

[3, 73] 353 0.000026 0.000044 0.000000 0.000002
]73, 143] 230 0.088444 0.064062 0.000004 0.000004

]143, 214] 352 0.145089 0.051844 0.000006 0.000004
]214, 284] 61 0.174420 0.036259 0.000008 0.000004
]284, 355] 21 0.194516 0.029121 0.000010 0.000004



TABLE V
MINIMUM, MEDIAN, MAXIMUM AND INTERQUARTILE RANGE (IQR) OF THE OPTIMIZATION RUNTIME IN SECONDS FOR DIFFERENT PROBLEM-SIZE BINS

Obfuscation Problem Size Instances Min Median Max IQR

Above 90 % Threshold
[55, 155] 18 577 624.5 685 62.50
]155, 255] 29 615 673.0 750 35.00
]255, 355] 4 705 758.5 787 27.25

10 Fitness Buckets
[55, 155] 18 955 996.0 1 063 57.75
]155, 255] 29 982 1 052.0 1 098 51.00
]255, 355] 4 1 092 1 170.0 1 180 31.00

Order
[55, 155] 18 370 439.5 495 30.00
]155, 255] 29 439 467.0 503 26.00
]255, 355] 4 518 594.5 609 34.00

10 Order Quantiles
[55, 155] 18 607 691.5 744 70.25
]155, 255] 29 666 728.0 822 70.00
]255, 355] 4 772 830.0 873 40.25

Top 10 % Individuals
[55, 155] 18 391 446.5 535 85.00
]155, 255] 29 413 543.0 592 66.00
]255, 355] 4 583 594.5 613 17.25

VI. DISCUSSION AND CONCLUSION

The TTMS live trials at Zurich Airport, conducted with a
fully trusted platform provider, indicate preliminary improve-
ments across multiple key performance indicators [1]. For
SWISS operations, arrival punctuality improved by 20.2 %,
while the number of flights experiencing heavy delays de-
creased by 23.5 % [1]. From the airport’s perspective, the
number of flights arriving more than 15 minutes late decreased
by 18 %, while knock-on delays decreased by 9 % [1]. On
the passenger side, overall delay minutes dropped by 11 %,
alongside a 14 % reduction in passengers experiencing missed
connections and resulting follow-on delays [1]. For SWISS
passengers, the number of passengers experiencing missed
connections decreased by 33.3 %, while those with critical
connections decreased by 19.8 % [1].

In this paper, we investigated the practicability of extending
the TTMS for scenarios in which the platform provider is
not fully trusted. We considered a privacy-preserving TTMS
that combines evolutionary algorithms and MPC to protect
the confidential input provided by the AUs from the plat-
form provider. We evaluated the impact of privacy-preserving
computation on the quality of flight lists and optimization
runtime using real-world data from the TTMS live trials at
Zurich Airport. The experimental results demonstrate that such
a privacy-preserving TTMS is able to find solutions almost as
good as Pareto-optimal solutions, while runtime measurements
demonstrate that the TTMS is able to find solutions within
practical time constraints. The privacy-preserving TTMS is a
promising alternative for scenarios in which AUs do not fully
trust the platform provider.

The primary goal of the experiments was the investigation
of the trade-off between privacy-preserving computation and
quality of the solution found by the Optimizer. GD+ and
IGD+ values between the final optimization results and the
Pareto-optimal solutions allow for such investigation, but these
metrics do not directly translate to impacts on key performance
indicators. Quantifying the impact of privacy-preserving com-

putation on operational metrics would require additional data,
which were not available in our lab environment; such an
investigation remains for future work.

The interpretation of the experimental results is difficult due
to very large negative weights associated with infeasible as-
signments. The largest optimization instance, comprising 122
flights and 233 TTAs, exhibits a maximum fitness of 9 157 239
for the airport preferences and 7 007 791 for AU preferences,
while the minimum fitness values are −208 308 295 815 and
−208 308 413 356, respectively. For instance, one of the so-
lutions obtained from the final optimization result with or-
der obfuscation yields fitness values of 7 896 520 for airport
preferences and 6 110 613 for AU preferences, corresponding
to normalized fitness values of approximately 0.9999939 and
0.9999957, respectively. While normalized fitness values en-
able aggregation of GD+ and IGD+ across optimizations and
regulations, they are less intuitive to interpret than absolute
fitness values.

In our experiments, the evolutionary algorithm always
started from a population of randomly generated individuals.
Optimization performance may be further improved if the
Optimizer has access to the original flight list. Future research
could investigate alternative evolutionary algorithms as well as
local search approaches in scenarios where the original flight
list is available.

While short-term inequities between AUs may be acceptable
to improve overall efficiency, no single AU must be consis-
tently advantaged or disadvantaged compared to others over
multiple regulations. Long-term equity between AUs can be
achieved by modifying weights based on the results of previ-
ous optimizations [12]. Harzfeld et al. [29] propose different
mechanisms for calculating such weight modifications using
the Theil index as a measure for inequity. In general, for
each AU, to determine the weight modification, the AU’s
contribution to the Theil index is calculated for a rolling
window of 20 regulations. An AU’s calculated contribution to
the Theil index then serves to modify that AU’s weights; the



modification depends on the mechanism. Harzfeld et al. [29]
evaluate the different mechanisms using data from the TTMS
live trials at Zurich Airport. The results show that the Theil
index can be reduced with only minor impact on the quality of
the flight lists. Future work could investigate these mechanisms
with a privacy-preserving TTMS.
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